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the role of subjective sleep quality in cognitive performance has gained increasing attention in recent 
decades. In this paper, our aim was to test the relationship between subjective sleep quality and a wide 
range of cognitive functions in a healthy young adult sample combined across three studies. Sleep 
quality was assessed by the Pittsburgh Sleep Quality Index, the Athens Insomnia Scale, and a sleep 
diary to capture general subjective sleep quality, and the Groningen Sleep Quality Scale to capture 
prior night’s sleep quality. Within cognitive functions, we tested working memory, executive functions, 
and several sub-processes of procedural learning. To provide more reliable results, we included robust 
frequentist as well as Bayesian statistical analyses. Unequivocally across all analyses, we showed that 
there is no association between subjective sleep quality and cognitive performance in the domains 
of working memory, executive functions and procedural learning in healthy young adults. Our paper 
can contribute to a deeper understanding of subjective sleep quality and its measures, and we discuss 
various factors that may affect whether associations can be observed between subjective sleep quality 
and cognitive performance.
There is a widely accepted belief that experiencing poor sleep quality, including subjective experiences (e.g., 
reporting difficulties falling asleep, waking up frequently during the night, or feeling tired during the day), indis-
putably decreases cognitive performance. We can often hear people complaining about weaker memory and/or 
attentional performance in relation to their experienced sleep insufficiency. This phenomenon can be particularly 
prevalent amongst university students since the pressure for academic performance in this population is excep-
tionally high. The possible overestimation of the importance of one’s subjective sleep quality can even lead to 
placebo or nocebo effects on cognitive performance1,2. However, scientific evidence on the relationship between 
experienced subjective sleep quality and cognition is still inconclusive3–7. Therefore, our aim in the current study 
was to test whether subjective sleep quality is associated with cognitive performance in healthy young adults.
The role of sleep in cognitive performance has gained increasing attention in neuroscience and sleep research 
in recent decades8,9. Numerous experimental methods exist that can be employed for examining the association 
between sleep and cognitive performance. Sleep parameters can be evaluated based on actigraph or electroen-
cephalograph measurements (i.e., objective measures), which are time-consuming and require expensive equip-
ment. Hence, researchers and clinicians often tend to rely on questionnaires (i.e., subjective measures) to assess 
sleep parameters (e.g., sleep latency, sleep quality, sleep disturbances, or sleep duration). This inclination has also 
motivated the current study to explore the relationship between sleep questionnaires and cognitive functions.
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Previous studies have shown that subjective and objective sleep parameters, such as sleep latency, sleep dura-
tion, or sleep efficiency could differ10–12; the strength of correlation between the subjective and objective measures 
of the same parameters varied between 0.21 and 0.62 for sleep latency and duration, while it was close to 0 for 
sleep efficiency. Subjective sleep quality can vary from objective sleep quality as it is typically estimated from a 
combination of parameters, such as sleep initiation, sleep continuity (number of awakenings), and/or depth of 
sleep. For instance, extreme deviations can occur between subjective and objective measures in sleep disorders, 
such as insomnia or sleep-state misperception. According to Zhang and Zhao13, the subjective and objective 
measures together should determine the type of treatment and medication in sleep disorders. Stepanski et al.7 
showed that, within insomniac patients, the decisive factor of whether a patient seeks medication is their subjec-
tive evaluation of their sleep quality and daytime functioning. Furthermore, Gavriloff et al.1 found that providing 
sham feedback about their sleep to patients with insomnia influenced their daytime symptoms and performance 
in attention and vigilance tasks. Similarly, in a placebo sleep study, young adults were randomly told they had 
below or above average sleep quality based on their brainwaves and other psychophysiological measures2. This 
constructed belief about their sleep quality affected their performance in attentional and executive function tasks. 
Thus, beyond therapeutic importance, it appears that subjective sleep quality can have further explanatory value 
for cognitive performance compared to objective measures.
One of the most widely-used sleep questionnaires is the Pittsburgh Sleep Quality Index (PSQI)14, a 
self-administered questionnaire, in which participants rate their subjective sleep quality based on several ques-
tions. These questions deal with various aspects of sleep that range from the average amount of sleep during the 
night, the difficulty experienced in falling asleep, and other sleep disturbances. Nevertheless, there are other 
popular measurements, such as the Athens Insomnia Scale (AIS)15, which measures difficulties in falling asleep 
or maintaining sleep, as well as sleep diaries, which capture the sleeping habits of the participants from day to 
day, spanning a few days or weeks. Sleep questionnaires and sleep diaries are two different types of self-reported 
measures: while sleep questionnaires are administered at a single point in time, and ask about various aspects of 
sleep experience in a longer time period retrospectively, sleep diaries are ongoing, daily self-monitoring tools. 
Libman et al.16 showed that the two measurement types are tapping the same domains but lead to somewhat 
different results due to methodological differences: questionnaires can be susceptible to memory distortion while 
sleep diaries may be distorted by atypical sleep experiences during the monitored period.
Previous research on subjective sleep quality and cognitive performance has led to mixed findings. While 
some studies focusing on healthy participants have shown that poorer sleep quality as measured by the PSQI 
score was associated with weaker working memory4, executive functions5, and decision-making performance17, 
others have failed to find an association between subjective sleep quality and cognitive performance6,7. Bastien 
et al.3 showed different associations between subjective sleep quality as measured by a sleep diary and cognitive 
performance in patients with insomnia who received or did not receive treatment and in elderly participants 
who reported good sleep quality. Interestingly, in good sleepers, greater subjective depth, quality, and efficiency 
of sleep were associated with better performance on attention and concentration tasks but poorer memory per-
formance. These findings suggest that further studies are needed to clarify the complex relationship between 
subjective sleep quality and aspects of cognitive functioning.
Notably, these previous studies focused on diverse populations, including adolescents, elderly and clinical 
groups, and relied on sample sizes ranging from around 20 to 100, with smaller sample sizes potentially limiting 
the robustness of the observed results. In these studies, subjective sleep quality was assessed by a combination of 
self-reported measures, such as difficulty in sleep initiation, sleep continuity, and/or depth of sleep. In contrast 
to subjective sleep quality captured by a combination of such measures, self-reported sleep duration has been 
studied more thoroughly. In a large study with more than 100,000 participants, Sternberg et al.18 reported a quad-
ratic relationship between self-reported sleep duration and performance in cognitive tasks assessing working 
memory and arithmetics. Furthermore, a recent powerful meta-analysis focusing on elderly participants also 
showed that both short and long sleep increased the odds of poor cognitive performance19. A similar associa-
tion was shown in another study investigating insomnia symptoms and cognitive performance in a large sample 
of participants20: self-reported sleep duration extremes were associated with impaired performance. Systematic 
investigations on the relationship between subjective sleep quality as captured by a combination of parameters 
(such as sleep latency, subjective sleep quality, sleep disturbances) and cognitive performance using larger sample 
sizes are, however, still lacking.
Moreover, in previous investigations focusing on the association between subjective sleep quality and vari-
ous aspects of cognitive performance, the potential relationship with procedural learning/memory has largely 
been neglected. The procedural memory system underlies the learning, storage, and use of cognitive and 
perceptual-motor skills and habits21. Evidence suggests that the system is multifaceted in that it supports numer-
ous functions that are performed automatically, including sequences, probabilistic categorization, and grammar, 
and perhaps aspects of social skills22–26. Considering the importance of this memory system, the clarification of 
its relationship with subjective sleep quality would be indispensable.
Here we aimed to fill the gaps identified in previous research by providing an extensive investigation on the 
relationship between subjective sleep quality and cognitive performance in healthy young adults. Within cogni-
tive functions, we focused on working memory, executive functions, and procedural learning. We chose these 
domains because 1) the relationship between working memory, executive functions and subjective sleep quality 
has remained inconclusive, and 2) the relationship between procedural learning/memory and subjective sleep 
quality has largely been neglected in previous studies. Therefore, in the latter case, we explored several measures 
of procedural learning in order to obtain a more detailed picture of the potential associations with subjective sleep 
quality. To increase the robustness of our analyses, we created a database of 235 participants’ data by pooling three 
separate datasets from our lab. We assessed subjective sleep quality by PSQI and AIS (Study 1–3), Groningen 
Sleep Quality Scale (GSQS, Study 2), and a sleep diary (Study 2). These separate measures capture somewhat 
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different aspects of self-reported sleep quality and thus provide a detailed picture. We tested working memory, 
executive functions and several sub-processes of procedural learning in all three studies. To control for possible 
confounding effects, we included age, gender and chronotype as covariates in our analyses. To test the amount of 
evidence either for associations or no associations between subjective sleep quality and cognitive performance, 
we calculated Bayes Factors that offer a way of evaluating the evidence against or in favor of the null hypothesis, 
respectively.
Methods
participants. Participants were selected from a large pool of undergraduate students from Eötvös Loránd 
University. The selection procedure was based on the completion of an online questionnaire assessing mental 
and physical health status. Respondents reporting current or prior chronic somatic, psychiatric or neurological 
disorders, or the regular consumption of drugs other than contraceptives were excluded. In addition, individuals 
reporting the occurrence of any kind of extreme life event (e.g., accident) during the last three months that might 
have had an impact on their mood or daily rhythms were also excluded from the study.
The data was obtained from three different studies, each with a slightly different focus. Importantly, the anal-
yses presented in the current paper are completely novel, none of the separate studies focused on the relationship 
between subjective sleep quality and cognitive performance. Forty-seven participants took part in Study 127, 103 
participants took part in Study 228, and 85 participants took part in Study 329. The descriptive characteristics 
of participants in the three studies are listed in Table 1. All participants were white/Caucasian. All participants 
provided written informed consent and received course credits for taking part. The studies were approved by the 
Research Ethics Committee of Eötvös Loránd University (201410, 2016/209). The study was conducted in accord-
ance with the Declaration of Helsinki.
procedure. We conducted three separate studies on the association of subjective sleep quality and procedural 
learning, working memory, and executive functions in healthy young adults. The sleep questionnaires included 
in the studies and the timing of the procedural learning task slightly differed. While we assessed subjective sleep 
quality by PSQI and AIS in all three studies, in Study 2, we included further measures of subjective sleep quality 
as well: (1) a sleep diary to assess day-to-day general sleep quality and (2) Groningen Sleep Quality Scale (GSQS) 
to assess prior night’s sleep quality. To control for the potential confounding effect of chronotype, we also admin-
istered the Morningness-Eveningness Questionnaire (MEQ)30,31, henceforth referred to as morningness score 
because a larger score on this questionnaire indicates greater morningness.
In all three studies, PSQI and AIS sleep quality questionnaires and the MEQ were administered online, while 
the GSQS in Study 2 and the tasks assessing cognitive performance in all studies were administered in a single 
session in the lab. Due to technical problems, the data of six participants on executive functions are missing. To 
ensure that participants do the tests in their preferred time of the day, the timing of the session was chosen by 
the participants themselves (between 7 am and 7 pm). The timing of the sessions was normally distributed in all 
three studies, with most participants performing the tasks during the daytime between 11 am and 3 pm. The sleep 
diary in Study 2 was filled by the participants for at least one week, and to a maximum of two weeks, prior to the 
cognitive assessment that was scheduled based on the participants’ availability.
Questionnaires and tasks. All cognitive performance tasks and subjective sleep questionnaires are 
well-known and widely used in the field of psychology and neuroscience (for details about each task and ques-
tionnaire, see Supplementary methods).
Subjective sleep quality questionnaires. To capture the general sleep quality of the last month, we administered 
the Pittsburgh Sleep Quality Index (PSQI)14,32 and the Athens Insomnia Scale (AIS)15,33. Additionally, in Study 
2, we administered a Sleep diary34 to assess the sleep quality of the last one-two weeks, and the Groningen Sleep 
Quality Scale (GSQS)35,36 to capture the sleep quality of the night prior testing.
Cognitive performance tasks. Working memory was measured by the Counting Span task37–40. Executive func-
tions were assessed by the Wisconsin Card Sorting Test (WCST)41–43. The outcome measure of the WCST task 
was the number of perseverative errors, which shows the inability/difficulty to change the behavior despite feed-
back. Procedural learning was measured by the explicit version of the Alternating Serial Reaction Time (ASRT) 
task (Figure S1, see also44). There are several learning indices that can be acquired from this task. Higher-order 
sequence learning refers to the acquisition of the sequence order of the stimuli. Statistical learning refers to the 
acquisition of frequency information embedded in the task. However, previous ASRT studies often assessed 
Triplet learning, which is a mixed measure of acquiring frequency and sequential information (for details, see 
Supplementary methods). In addition to these learning indices, we measured the average reaction times (RTs) 
and accuracy (ACC), which reflect the average general performance of the participants across the task, and the 
Study N
Age
Mean (SD) Gender
Years in education
Mean (SD)
MEQ score
Mean (SD)
Study 1 47 21.38 (1.79) 10 M/37 F 14.36 (1.58) 34.96 (6.69)
Study 2 103 21.62 (2.00) 30 M/73 F 14.50 (1.74) 33.99 (6.31)
Study 3 85 20.99 (1.59) 23 M/62 F 14.28 (1.60) 33.61 (5.68)
Table 1. Descriptive characteristics of participants. Note: M = male, F = female, MEQ = Morningness-
Eveningness Questionnaire.
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changes in RT and ACC from the beginning to the end of the task, which indicate general skill learning that 
occurs due to more efficient visuomotor and motor-motor coordination as the task progresses45.
Data analysis.  Statistical analyses were conducted in R 3.6.146 using the lme4 package47. Bootstrapped confi-
dence intervals and p-values were calculated using the boot package48,49. The data and analysis code can be found 
on the following link: https://github.com/nthun/performance_sleep_quality/
Analysis of the relationship between subjective sleep quality and cognitive performance. Subjective sleep quality 
scales (PSQI and AIS) were combined into a single metric, using principal component analysis. Then separate 
linear mixed-effect models were created for each outcome measure (i.e., performance metric), where the aggre-
gated sleep quality metric (hereinafter referred to as sleep disturbance) was used as a predictor, and ‘Study’ (1, 
2 or 3) was added as a random intercept. This way we could estimate an aggregated effect while accounting for 
the potential differences across studies. To control for possible confounding effects, we included age, gender and 
morningness score as covariates in our analyses. Thus, the estimates reported in the Results section are controlled 
for these factors.
As the residuals did not show normal distribution, we used bootstrapped estimates and confidence intervals, 
using 1000 bootstrap samples, from which we calculated the p-values48,49. Bayes Factors (BF01) were calculated 
by using the exponential of the Bayesian Information Criterion (BIC) of the fitted models minus the BIC of 
the null models – that contained the confounders only, and a random intercept by study50. The BF is a statisti-
cal technique that helps conclude whether the collected data favors the null-hypothesis (H0) or the alternative 
hypothesis (H1); thus, the BF could be considered as a weight of evidence provided by the data51. It is an effective 
mathematical approach to show if there is no association between two measures. In Bayesian correlation analyses, 
H0 is the lack of associations between the two measures, and H1 states that association exists between the two 
measures. Here we report BF01 values. According to Wagenmakers et al.51, BF01 values between 1 and 3 indicate 
anecdotal evidence for H0, while values between 3 and 10 indicate substantial evidence for H0. Conversely, while 
values between 1/3 and 1 indicate anecdotal evidence for H1, values between 1/10 and 1/3 indicate substantial 
evidence for H1. If the BF is below 1/10, 1/30, or 1/100, it indicates strong, very strong, or extreme evidence for 
H1, respectively. Values around 1 do not support either H0 or H1. Thus, Bayes Factor is a valuable tool to provide 
evidence for no associations between constructs as opposed to frequentists analyses, where no such evidence can 
be obtained based on non-significant results.
To test the association between the additional subjective sleep quality measures and cognitive performance 
in Study 2, we used robust linear regression, this time without random effects. We included the same potential 
confounders (age, gender, morningness score), and Bayes factors were calculated in the previously described way.
Analysis of the ASRT data. Performance in the ASRT task was analyzed by repeated-measures analyses of 
variance (ANOVA) in each study (for details of these analyses, see Supplementary methods). Based on these 
ANOVAs, Triplet learning, Higher-order sequence learning, and Statistical learning occurred in all three studies, 
both in ACC and RT (all ps < 0.001; for details, see Supplementary results and Figure S2).
Results
cognitive performance in the three studies. The working memory capacity (measured by the count-
ing span) and executive functions (measured by the number of perseverative errors in the WCST task) of the 
participants were in the standard range for their age52,53. The mean counting span for the entire sample was 3.59 
(SD = 0.85) in the three studies. This average score represents a mid-range cognitive performance, as obtainable 
scores range from 1 to 6. The mean number of perseverative errors was 14.76 (SD = 5.27) in the three studies 
(no maximum score can be defined in this case). For procedural learning, mean scores were 26.48 (SD = 26.37) 
for RT Triplet learning, 16.63 (SD = 40.34) for RT Higher-order sequence learning, 16.74 (SD = 9.94) for RT 
Statistical learning, 359.88 (SD = 40.94) for average RT, and 31.13 (SD = 30.15) for RT general skill learning. 
Accuracy scores were as follows: 0.04 (SD = 0.03) for ACC Triplet learning, 0.02 (SD = 0.03) for ACC Higher-
order sequence learning, 0.03 (SD = 0.03) for ACC Statistical learning, 0.90 (SD = 0.10) for average ACC, −0.02 
(SD = 0.09) for ACC general skill learning, in all three studies. Note that for accuracy, these values represent 
proportions (e.g., the average ACC was 90%, hence 0.90), and the learning scores are difference scores (e.g., the 
ACC Triplet learning score shows that participants were on average 4% more accurate on high-frequency triplets 
compared to the low-frequency ones). All presented RT and ACC scores represent typical values in ASRT studies 
with healthy young adults.
We also provide descriptive data for Study 2 separately, as additional analyses were run on cognitive per-
formance from this dataset and GSQS and sleep diary scores. In Study 2, the mean counting span was 3.65 
(SD = 1.01), and the mean number of perseverative errors was 14.46 (SD = 6.37). For procedural learning in 
Study 2, mean scores were 33.04 (SD = 27.96) for RT Triplet learning, 28.53 (SD = 51.44) for RT Higher-order 
sequence learning, 18.77 (SD = 9.78) for RT Statistical learning, 348.29 (SD = 42.26) for average RT, and 39.30 
(SD = 34.74) for RT general skill learning. Accuracy scores were as follows: 0.03 (SD = 0.02) for ACC Triplet 
learning, 0.01 (SD = 0.02) for ACC Higher-order sequence learning, 0.02 (SD = 0.02) for ACC Statistical learning, 
0.94 (SD = 0.03) for average ACC, 0.02 (SD = 0.03) for ACC general skill learning.
Overall, these values represent a mid-range cognitive performance with a sufficient level of variability in the 
sample to conduct the planned analyses.
Subjective sleep questionnaire scores in the three studies. The obtainable scores, means, standard 
deviations, and proportions of good, moderate and poor sleepers for each questionnaire are presented in Table 2. 
The mean scores of PSQI in the current sample were higher than the score of 1.91 for the same components in 
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Buysse et al.14, and in the range or even higher than the global PSQI score (which aggregates seven components; 
M = 2.67) for the control participants, whose age was between 24 and 83 years. In the same study14, the partici-
pants with sleep disorders had a mean score of 4.78 for the three components of PSQI, suggesting that ~18% of 
the current sample had a score higher than the average score of sleep-disordered patients. The mean scores of 
AIS were somewhat higher than the mean score of 3 reported for a representative Hungarian adult sample in 
Novak et al.33. According to the cut-off score of 10 suggested in that paper, ~5% of our sample would fall into the 
diagnostic category of insomnia. However, according to a stricter cut-off score of 6 suggested by Soldatos, Dikeos 
& Paparrigopoulos54, up to 23% of the participants would have complaints comparable to those of insomniac 
patients. The mean of the GSQS score was lower than the mean score reported for a Hungarian sample of young 
adults (M = 4.70, SD = 1.78) in Simor et al.35. The mean of the Sleep diary score in Study 2 was comparable to the 
mean PSQI score of 1.3 for the same components for the control participants and lower than the score of 6.36 for 
the participants with sleep disorders in Buysse et al.14.
Although with some differences across questionnaires, these sleep scores suggest a moderate to poor sleep 
quality of the current sample, with about 15% of participants experiencing very poor sleep quality, comparable 
to those of patients with sleep disorders. Overall, all sleep measures used in the current study appear to have a 
sufficient level of variability to conduct the planned analyses.
combining sleep quality metrics. Principal component analysis was used to combine PSQI and AIS into 
a single ‘sleep disturbance’ metric. The Bartlett’s test of sphericity indicated that the correlation between the scales 
was adequately large for a PCA, χ2(235) = 84.88, p < 0.0001. One principal factor with an eigenvalue of 1.55 was 
extracted to represent sleep disturbance. The component explained 83.7% of the variance, and it was named ‘sleep 
disturbance’ as higher values of this metric show more disturbed sleep. The aggregated sleep disturbance index 
across the three studies ranged from -1.9 to 3.86.
Associations between subjective sleep quality and cognitive performance.  As described above, 
to study the associations between subjective sleep quality and cognitive performance, separate linear mixed-effect 
models were created for each outcome measure (i.e., cognitive performance metric), where sleep disturbance 
was used as a fixed predictor, and ‘Study’ was added as a random intercept. Sleep disturbance did not show an 
association with any of the cognitive performance metrics (see Table 3 and Fig. 1). Bayes Factors ranged from 5.01 
to 14.35, indicating substantial evidence for no association between subjective sleep quality and the measured 
cognitive processes51.
To test whether AIS or PSQI scores separately are associated with cognitive performance, we performed sim-
ilar analyses as for the sleep disturbance metric. Additionally, we also tested whether cognitive performance 
differed between “good” and “poor” sleepers as defined by the extremes in the overall PSQI score. For this anal-
ysis, we considered those with a score of 0 or 1 as good sleepers (N = 36), while those with a score of 5 to 8 as 
poor sleepers (N = 43), corresponding to approximately the upper and lower 15% of the data (see Table 2). These 
additional analyses (reported in the Supplementary results) are consistent with the above findings for the sleep 
disturbance metric, suggesting no relationship between subjective sleep quality and cognitive performance using 
these measures.
In Study 2, to investigate the associations between further subjective sleep quality questionnaires and cog-
nitive performance, we created a separate linear mixed-effect model for each outcome measure (i.e., cognitive 
performance metric), and each additional sleep questionnaire (i.e., sleep diary and GSQS). Sleep diary scores did 
not show association with any of the cognitive performance metrics (all ps > 0.05, see Table 4 and Fig. 2). Bayes 
Factors ranged from 2.51 to 12.58, indicating, in all but one cases, substantial evidence for no association between 
subjective sleep quality and measures of cognitive performance51. The lowest value of 2.51 for ACC general skill 
learning also pointed to the same direction, indicating slightly weaker evidence for no association with subjective 
sleep quality.
Obtainable 
scores Mean (SD)
Good 
sleepers
Moderate 
sleepers
Poor 
sleepers
Scores (percentage of participants)
PSQI 0–9
  All participants 2.99 (1.57) 0–1 (15.3%) 2–4 (66.4%) 5–8 (18.3%)
  Study 2 2.54 (1.29)
AIS 0–24
  All participants 3.98 (2.66) 0–2 (35%) 3–6 (50%) 7–17 (15%)
  Study 2 3.41 (2.09)
GSQS 0–14
  Study2 2.86 (2.87) 0–1 (40%) 2–7 (53%) 8–13 (7%)
Sleep dairy 0–12
  Study 2 1.38 (1.22) 0–1 (60%) 2–5 (40%)
Table 2. Descriptive statistics of the subjective sleep questionnaire scores. Note: PSQI = Pittsburgh Sleep 
Quality Index, AIS = Athens Insomnia Scale, GSQS = Groningen Sleep Quality Scale.
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Outcome β 95% CI df p BF01
ACC learning indices
ACC Higher-order sequence 
learning −0.041 [−0.18, 0.11] 205 0.58 12.28
ACC Statistical learning −0.038 [−0.17, 0.09] 205 0.56 12.42
ACC Triplet learning −0.067 [−0.19, 0.06] 205 0.30 8.50
RT learning indices
RT Higher−order sequence learning 0.014 [−0.15, 0.16] 205 0.85 14.29
RT Statistical learning −0.062 [−0.21, 0.07] 205 0.39 10.48
RT Triplet learning −0.028 [−0.17, 0.12] 205 0.71 13.60
General skill indices
ACC general skill learning 0.037 [−0.06, 0.13] 205 0.45 11.06
Average ACC 0.065 [−0.04, 0.17] 205 0.23 6.79
RT average −0.019 [−0.17, 0.12] 205 0.80 14.05
RT general skill learning −0.075 [−0.23, 0.07] 205 0.33 8.83
WM and EF indices
Counting Span −0.013 [−0.17, 0.14] 205 0.87 14.35
WCST – perseverative error 0.107 [−0.03, 0.24] 199 0.13 5.01
Table 3. The association of sleep disturbance with cognitive performance metrics. Note: The table shows 
standardized regression coefficients for sleep disturbance, where the ‘Study’ random intercept was included in 
separate linear mixed-effect models for each cognitive performance metrics. Age, gender, and morningness 
score were added as covariates. BF01 was derived from BIC (see the ‘Data analysis’ section for details). 
ACC = accuracy. RT = reaction time. WM = working memory. EF = executive function. WCST = Wisconsin 
Card Sorting Test.
Figure 1. Association between sleep disturbance and cognitive performance metrics by study. Horizontal axes 
represent the sleep disturbance index, while vertical axes represent the outcome variables, with their names 
shown in the panel titles. The scatterplots and the linear regression trendlines show no association between 
subjective sleep quality and procedural learning indices in terms of reaction time (RT, A), or accuracy (ACC, B), 
general skill indices in terms of RT or ACC (C), and working memory and executive function indices (D).
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Similarly, GSQS scores did not show association with any of the cognitive performance metrics (all ps > 0.11, 
see Table 5 and Fig. 2). Bayes Factors ranged from 3.46 to 16.46, indicating substantial evidence for no association 
between subjective sleep quality and the measured cognitive processes51.
Discussion
Our aim was to investigate the relationship between subjective sleep quality and cognitive performance in healthy 
young adults. Cognitive performance was tested in the domains of working memory, executive functions, and 
procedural learning. To provide more reliable results, we pooled data from three different studies, controlled for 
possible confounders, such as age, gender, and chronotype, and performed robust frequentists as well as Bayesian 
statistical analyses. We did not find associations between subjective sleep quality and cognitive performance 
measures using the robust frequentist statistical analyses. Moreover, the Bayes factors provided substantial evi-
dence for no association between subjective sleep quality and measures of working memory, executive functions, 
and procedural learning. This pattern held when subjective sleep quality was reported retrospectively for a longer 
period (i.e., a month; with PSQI and AIS), as well as when monitored daily (for one to two weeks; with the sleep 
diary) or reported for the night prior to testing (with GSQS). These results suggest that neither moderately per-
sistent nor transient subjective sleep quality is associated with cognitive performance in healthy young adults.
There are several factors to consider why subjective sleep quality showed no associations with cognitive per-
formance in our sample of healthy young adults. First, it is possible that methodological issues contributed to 
the null effects. For example, having a lower range of obtainable scores on the selected subjective sleep quality 
and cognitive performance measures can limit the possibility of finding a relationship between these measures. 
Importantly, all measures that we used in the current study have been well-established in previous research and 
have a reasonable range of obtainable values. Although the sample choice of healthy young adults has naturally 
limited the range of scores on the used measures, our analyses showed a sufficient level of variability in all meas-
ures. Therefore, the obtained null results seem unlikely to be explained by such methodological issues.
Second, as we studied healthy university students, there may be a ceiling effect in subjective sleep quality. Sleep 
disturbance can be more prevalent in elderly populations and clinical disorders14,33. Consequently, variance and 
extremities in subjective sleep quality could be greater in these populations, while it can remain relatively low in 
healthy young adults. Nevertheless, previous research has found that university students are also prone to sleep 
disturbances, and in particular to chronic sleep deprivation55. Although with some variation across sleep ques-
tionnaires, most participants’ subjective sleep quality ranged from moderate to poor in our sample, with about 
15% of participants experiencing very poor sleep quality similar to those of patients with sleep disorders. Thus, it 
seems unlikely that the obtained results are due to a ceiling effect in subjective sleep quality.
Third, it is possible that because young adults typically show a peak cognitive performance, poor subjective 
sleep quality may not have a substantial impact on it. In line with this explanation, the studies that reported 
associations between subjective sleep quality and cognitive performance4,5,17 focused primarily on adolescents, 
older adults, or clinical populations, where cognitive performance has not yet peaked or have declined. Further 
supporting this explanation, Saksvik et al.56 found in their meta-analysis that young adults are not as prone 
to the negative consequences of shift work as the elderly. Moreover, Gao et al.57 in a recent study showed that 
Outcome β 95% CI t df p BF01
ACC learning indices
ACC Higher-order 
sequence learning −0.077 [−0.28, 0.13] −0.749 97 0.46 7.73
ACC Statistical learning −0.031 [−0.24, 0.17] −0.296 97 0.77 8.09
ACC Triplet learning −0.111 [−0.31, 0.09] −1.092 97 0.28 4.46
RT learning indices
RT Higher-order sequence 
learning −0.001 [−0.11, 0.11] −0.025 97 0.98 9.76
RT Statistical learning −0.205 [−0.41, 0.00] −1.955 97 0.05 8.96
RT Triplet learning −0.059 [−0.19, 0.07] −0.917 97 0.36 11.28
General skill indices
ACC general skill learning −0.171 [−0.35, 0.01] −1.866 97 0.07 2.51
Average ACC 0.035 [−0.18, 0.25] 0.317 97 0.75 8.94
RT average −0.086 [−0.31, 0.13] −0.764 97 0.45 12.79
RT general skill learning −0.064 [−0.26, 0.14] −0.623 97 0.53 7.10
WM and EF indices
Counting Span −0.065 [−0.26, 0.13] −0.664 97 0.50 5.63
WCST – perseverative 
error 0.005 [−0.13, 0.14] 0.072 96 0.94 9.71
Table 4. The association of sleep diary with cognitive performance metrics in Study 2. Note: The table shows 
standardized regression coefficients for sleep diary scores in separate linear mixed-effect models for each 
cognitive performance metrics. Age, gender, and morningness score were added as covariates. BF01 was derived 
from BIC (see ‘Data analysis’ section for details). ACC = accuracy. RT = reaction time. WM = working memory. 
EF = executive function. WCST = Wisconsin Card Sorting Test.
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above-average cognitive abilities buffer against insufficient sleep durations. However, not all cognitive functions 
peak in adulthood: while previous studies have reported the best performance in working memory and executive 
functions in young adulthood58–61, some aspects of procedural learning (as measured by the ASRT task) has been 
shown to peak in childhood and to decline already around adolescents44,62,63. Consequently, a cognitive peak may 
explain finding no relationship between subjective sleep quality and aspects of working memory and executive 
functions, while this explanation for the measures of procedural learning seems unlikely.
Fourth, the conditions under which the data collection took place could have also contributed to the null 
results. We conducted our experiments during the term-time when the workload in the university is typically 
moderate. Moreover, students could choose the time of day for cognitive testing, and they may have chosen a time 
when they typically felt well-rested. There is evidence that performing in a preferred circadian time period can 
attenuate the effect of sleep disturbances64. Consistently, previous studies showed that participants exhibit better 
performance on working memory and executive functions tasks in their preferred time of day65,66. However, a 
recent study found that participants, in fact, exhibit weaker performance in procedural learning in their preferred 
time of day, and better performance in their non-preferred time of day, suggesting variability in the relationship 
between circadian effects and cognitive functions67. Additionally, independent of the time of day, participants 
may have perceived the session with the cognitive tasks as a testing situation and may have been motivated to 
show their best performance, compensating for any possible effect of poor subjective sleep quality. Indeed, there 
is evidence that highly motivated participants are less prone to the effect of sleep deprivation68. Thus, the time of 
testing and participants’ motivation may have contributed to our findings by potentially compensating for any 
negative effects of poor subjective sleep quality on cognitive performance.
Fifth, the relationship between sleep and cognitive performance can vary depending on what parameters of 
sleep are assessed. Associations between objective sleep quality (measured by actigraphy or electroencephalogra-
phy) and various aspects of working memory, executive functions, and procedural learning have been frequently 
reported in previous studies (for a review, see8,9). Here we showed that subjective sleep quality is not associated 
with these cognitive functions, at least under the circumstances described above. As outlined in the Introduction, 
this dissociation suggests that objective and subjective sleep quality, although measure the same domains, do not 
necessarily capture the same aspects of sleep quality and sleep disturbances11. Subjective sleep quality may be esti-
mated based on a combination of objective sleep parameters. Moreover, some objective parameters of sleep that 
Figure 2. Association between sleep diary and GSQS scores and cognitive performance metrics. Horizontal 
axes represent the sleep disturbance index, while vertical axes represent the outcome variables, with their names 
shown in the panel titles. The scatterplots and the linear regression trendlines show no association between 
subjective sleep quality (measured with a sleep diary (blue) or the GSQS (red)) and procedural learning indices 
in terms of reaction time (RT, A), or accuracy (ACC, B), general skill indices in terms of RT or ACC (C), and 
working memory and executive function indices (D).
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contribute to cognitive performance may not be captured with self-reported instruments. For example, it is often 
reported that spindle activity or time spent in slow-wave sleep (SWS) or in rapid eye movement (REM) sleep is 
essential for memory consolidation69–71. Also, in laboratory sleep examinations, sleep quality is usually carefully 
controlled for several days prior to the examination. Potentially, the objective sleep parameters showing associa-
tions with cognitive performance may only be measured in these carefully controlled conditions (i.e., when sleep 
quality on the night of testing as well as in the preceding days are good). Hence, it is possible that while results 
with objective sleep quality may show how healthy sleep is related to cognitive functioning, results with subjective 
sleep quality may reflect how aspects of sleep disturbances are related to cognitive functioning.
Sixth, and relatedly, there could be differences in the association with cognitive performance within 
self-reported measures of sleep as well. In our study, we captured the perceived disturbances in initiating and 
maintaining sleep rather than the self-reported duration of sleep. While we found no associations between these 
measures of subjective sleep quality and cognitive performance, there is solid evidence that self-reported extreme 
sleep durations (both long and short sleep times) are associated with worse cognitive performance18–20. These 
findings suggest a dissociation between sleep quality as measured by extreme self-reported sleep durations and 
other types of sleep quality disturbances.
Seventh, it is possible that while interindividual differences in subjective sleep quality do not contribute to at 
least some aspects of cognitive performance, intraindividual fluctuations do. The possible importance of intrain-
dividual rather than interindividual differences was also suggested by Ackerman et al.72 in a large study, in which 
contrary to previous studies they showed no associations between declarative memory consolidation and objec-
tive sleep parameters. Further studies are warranted to test whether day-to-day variations in subjective sleep 
quality predict day-to-day changes in cognitive performance.
Finally, our paper has some limitations. As mentioned above, it is possible that investigating populations more 
susceptible to sleep disturbances or cognitive performance problems could yield different results and the lack of 
associations could be specific to healthy young adults. Furthermore, it would be interesting to test whether indi-
vidual differences in other factors (for example, interoceptive ability, i.e., how accurately one perceives their own 
body sensations) influence the relationship between subjective sleep quality and cognitive performance.
conclusions
In conclusion, we showed that self-reported, subjective sleep quality is not associated with working memory, 
executive functions, and various aspects of procedural learning in a relatively large sample of healthy young 
adults. These findings were supported not only by frequentist statistical analyses but also by Bayes factors that 
provided substantial evidence for no associations between these functions. Importantly, however, our findings do 
not imply that sleep per se has no relationship with these cognitive functions; instead, it emphasizes the dissocia-
tion between subjective and objective sleep quality. We believe that our approach of systematically testing the rela-
tionship between self-reported sleep questionnaires and a relatively wide range of cognitive functions can inspire 
future systematic studies on the relationship between subjective/objective sleep parameters and cognition. Within 
healthy young adults, future studies are warranted to probe the relationship between subjective sleep quality and 
Outcome β 95% CI t df p BF01
ACC learning indices
ACC Higher-order 
sequence learning 0.029 [−0.17, 0.23] 0.278 102 0.78 10.87
ACC Statistical learning −0.001 [−0.20, 0.20] −0.013 102 0.99 10.08
ACC Triplet learning 0.000 [−0.20, 0.20] 0.000 102 1.00 10.15
RT learning indices
RT Higher-order sequence 
learning −0.004 [−0.11, 0.10] −0.070 102 0.94 10.14
RT Statistical learning −0.105 [−0.32, 0.11] −0.973 102 0.33 5.39
RT Triplet learning −0.054 [−0.17, 0.07] −0.866 102 0.39 16.46
General skill indices
ACC general skill learning 0.040 [−0.13, 0.21] 0.452 102 0.65 12.28
Average ACC 0.156 [−0.05, 0.36] 1.466 102 0.15 5.16
RT average −0.176 [−0.39, 0.04] −1.617 102 0.11 3.46
RT general skill learning −0.104 [−0.30, 0.09] −1.039 102 0.30 5.85
WM and EF indices
Counting Span −0.062 [−0.26, 0.13] −0.632 102 0.53 6.07
WCST – perseverative 
error −0.009 [−0.13, 0.14] −0.133 101 0.89 9.22
Table 5. The association of GSQS with cognitive performance metrics in Study 2. Note: The table shows 
standardized regression coefficients for GSQS scores in separate linear mixed-effect models for each cognitive 
performance metrics. Age, gender, and morningness score were added as covariates. BF01 was derived from 
BIC (see the ‘Data analysis’ section for details). ACC = accuracy. RT = reaction time. WM = working memory. 
EF = executive function. WCST = Wisconsin Card Sorting Test.
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cognitive performance assessed in the non-preferred time of day, include other aspects of cognitive functions, and 
test intraindividual, day-to-day variations in the relationship between sleep and cognitive performance.
Data availability
The dataset and analysis code of the current study are available in the Open Science Framework repository, 
https://osf.io/hcnsx/.
Received: 19 August 2019; Accepted: 17 February 2020;
Published: xx xx xxxx
References
 1. Gavriloff, D. et al. Sham sleep feedback delivered via actigraphy biases daytime symptom reports in people with insomnia: 
Implications for insomnia disorder and wearable devices. J. Sleep Res., e12726 (2018).
 2. Draganich, C. & Erdal, K. Placebo sleep affects cognitive functioning. J. Exp. Psychol. Learn. Mem. Cogn. 40, 857 (2014).
 3. Bastien, C. H. et al. Cognitive performance and sleep quality in the elderly suffering from chronic insomnia: relationship between 
objective and subjective measures. J. Psychosom. Res. 54, 39–49 (2003).
 4. van den Noort, M. et al. Schizophrenia and depression: The relation between sleep quality and working memory. Asian J. Psychiatr. 
24, 73–78 (2016).
 5. Nebes, R. D., Buysse, D. J., Halligan, E. M., Houck, P. R. & Monk, T. H. Self-reported sleep quality predicts poor cognitive 
performance in healthy older adults. J. Gerontol. B 64, 180–187 (2009).
 6. Miyata, S. et al. Poor sleep quality impairs cognitive performance in older adults. J. Sleep Res. 22, 535–541 (2013).
 7. Stepanski, E. et al. Characteristics of individuals who do or do not seek treatment for chronic insomnia. Psychosomatics 30, 421–427 
(1989).
 8. Diekelmann, S. & Born, J. The memory function of sleep. Nat. Rev. Neurosci. 11, 114–126 (2010).
 9. Jones, K. & Harrison, Y. Frontal lobe function, sleep loss and fragmented sleep. Sleep Med. Rev. 5, 463–475 (2001).
 10. Guedes, L. G. et al. Comparison between self-reported sleep duration and actigraphy among adolescents: gender differences. Revista 
Brasileira de Epidemiologia 19, 339–347 (2016).
 11. Armitage, R., Trivedi, M., Hoffmann, R. & Rush, A. J. Relationship between objective and subjective sleep measures in depressed 
patients and healthy controls. Depression and anxiety 5, 97–102 (1997).
 12. Landry, G. J., Best, J. R. & Liu-Ambrose, T. Measuring sleep quality in older adults: a comparison using subjective and objective 
methods. Front. Aging Neurosci. 7, 166 (2015).
 13. Zhang, L. & Zhao, Z.-X. Objective and subjective measures for sleep disorders. Neurosci. Bull. 23, 236–240 (2007).
 14. Buysse, D. J., Reynolds, C. F. III, Monk, T. H., Berman, S. R. & Kupfer, D. J. The Pittsburgh Sleep Quality Index: a new instrument for 
psychiatric practice and research. Psychiatry Res. 28, 193–213 (1989).
 15. Soldatos, C. R., Dikeos, D. G. & Paparrigopoulos, T. J. Athens Insomnia Scale: validation of an instrument based on ICD-10 criteria. 
J. Psychosom. Res. 48, 555–560 (2000).
 16. Libman, E., Fichten, C. S., Bailes, S. & Amsel, R. Sleep questionnaire versus sleep diary: which measure is better? International 
Journal of Rehabilitation and Health 5, 205–209 (2000).
 17. Telzer, E. H., Fuligni, A. J., Lieberman, M. D. & Galván, A. The effects of poor quality sleep on brain function and risk taking in 
adolescence. Neuroimage 71, 275–283 (2013).
 18. Sternberg, D. A. et al. The largest human cognitive performance dataset reveals insights into the effects of lifestyle factors and aging. 
Front. Hum. Neurosci. 7, 292 (2013).
 19. Lo, J. C., Groeger, J. A., Cheng, G. H., Dijk, D.-J. & Chee, M. W. Self-reported sleep duration and cognitive performance in older 
adults: a systematic review and meta-analysis. Sleep Med. 17, 87–98 (2016).
 20. Kyle, S. D. et al. Sleep and cognitive performance: cross-sectional associations in the UK Biobank. Sleep Med. 38, 85–91 (2017).
 21. Poldrack, R. A. et al. Interactive memory systems in the human brain. Nature 414, 546–550 (2001).
 22. Fiser, J. & Aslin, R. N. Unsupervised statistical learning of higher-order spatial structures from visual scenes. Psychol. Sci. 12, 
499–504 (2001).
 23. Howard, J. H. Jr. & Howard, D. V. Age differences in implicit learning of higher-order dependencies in serial patterns. Psychol. Aging 
12, 634–656 (1997).
 24. Lieberman, M. D. Intuition: a social cognitive neuroscience approach. Psychol. Bull. 126, 109–137 (2000).
 25. Poldrack, R. A. & Foerde, K. Category learning and the memory systems debate. Neurosci. Biobehav. Rev. 32, 197–205 (2008).
 26. Pothos, E. M. Theories of artificial grammar learning. Psychol. Bull. 133, 227–244 (2007).
 27. Török, C., Janacsek, K. & Nemeth, D. In Internetional Conference On Memory (Budapest, Hungary, 2016).
 28. Simor, P. et al. Deconstructing procedural memory: Different learning trajectories and consolidation of sequence and statistical 
learning. Front. Psychol. 9, 2708 (2019).
 29. Takács, Á. et al. In 3rd Conference of the European Society for Cognitive and Affective Neuroscience (Porto, Portugal, 2016).
 30. Horne, J. A. & Östberg, O. A self-assessment questionnaire to determine morningness-eveningness in human circadian rhythms. 
Int. J. Chronobiol (1976).
 31. Zavecz, Z., Török, C., Köteles, F., Pálosi, V. & Simor, P. The psychometric properties of the Hungarian version of the Morningness-
Eveningness Questionnaire (MEQ-H): The separate factors of morning freshness and circadian rhythmicity. Psychiatria Hungarica: 
A Magyar Pszichiátriai Társaság Tudományos Folyóirata 30, 318–331 (2015).
 32. Takács, J. et al. Reliability and validity of the Hungarian version of the Pittsburgh Sleep Quality Index (PSQI-HUN): comparing 
psychiatric patients with control subjects. Sleep. Breath. 20, 1045–1051 (2016).
 33. Novak, M., Mucsi, I., Shapiro, C. M., Rethelyi, J. & Kopp, M. S. Increased utilization of health services by insomniacs—an 
epidemiological perspective. J. Psychosom. Res. 56, 527–536 (2004).
 34. Gilson, M. et al. REM-enriched naps are associated with memory consolidation for sad stories and enhance mood-related reactivity. 
Brain Sci. 6, 1 (2015).
 35. Simor, P., Köteles, F., Bódizs, R. & Bárdos, G. A questionnaire based study of subjective sleep quality: the psychometric evaluation of 
the Hungarian version of the Groningen Sleep Quality Scale. Mentálhigiéné és Pszichoszomatika 10, 249–261 (2009).
 36. Meijman, T., de Vries-Griever, A., De Vries, G. & Kampman, R. The evaluation of the Groningen sleep quality scale. Groningen: 
Heymans Bulletin (HB 88-13-EX) 2006 (1988).
 37. Case, R., Kurland, D. M. & Goldberg, J. Operational efficiency and the growth of short-term memory span. J. Exp. Child Psychol. 33, 
386–404 (1982).
 38. Engle, R. W., Tuholski, S. W., Laughlin, J. E. & Conway, A. R. A. Working memory, short-term memory, and general fluid 
intelligence: A latent-variable approach. J. Exp. Psychol. 128, 309–331 (1999).
 39. Conway, A. R. et al. Working memory span tasks: A methodological review and user’s guide. Psychon. Bull. Rev. 12, 769–786 (2005).
 40. Virag, M. et al. Competition between frontal lobe functions and implicit sequence learning: evidence from the long-term effects of 
alcohol. Exp. Brain Res. 233, 2081–2089 (2015).
1 1Scientific RepoRtS |         (2020) 10:4855  | https://doi.org/10.1038/s41598-020-61627-6
www.nature.com/scientificreportswww.nature.com/scientificreports/
 41. Berg, E. A. A simple objective treatment for measuring flexibility in thinking. J. Gen. Psychol. 39, 15–22 (1948).
 42. Piper, B. J. et al. Reliability and validity of neurobehavioral function on the Psychology Experimental Building Language test battery 
in young adults. PeerJ 3, e1460 (2015).
 43. Nemeth, D., Janacsek, K., Polner, B. & Kovacs, Z. A. Boosting Human Learning by Hypnosis. Cereb. Cortex 23, 801–805, https://doi.
org/10.1093/cercor/bhs068 (2013).
 44. Nemeth, D., Janacsek, K. & Fiser, J. Age-dependent and coordinated shift in performance between implicit and explicit skill learning. 
Front. Comput. Neurosci. 7, https://doi.org/10.3389/fncom.2013.00147 (2013).
 45. Hallgato, E., Győri-Dani, D., Pekár, J., Janacsek, K. & Nemeth, D. The differential consolidation of perceptual and motor learning in 
skill acquisition. Cortex 49, 1073–1081 (2013).
 46. R Core Team. (ISBN 3-900051-07-0: URL http://www. R-project. org 2018).
 47. Bates, D., Mächler, M., Bolker, B. & Walker, S. Fitting Linear Mixed-Effects Models Using lme4. Journal of Statistical Software 67, 
1–48 (2015).
 48. Canty, A. & Ripley, B. boot: Bootstrap R (S-Plus) Functions. (2019).
 49. Davison, A. C. & Hinkley, D. V. Bootstrap methods and their application. Vol. 1 (Cambridge university press, 1997).
 50. Wagenmakers, E. J. A practical solution to the pervasive problems of p values. Psychon Bull Rev 14, 779–804, https://doi.org/10.3758/
BF03194105 (2007).
 51. Wagenmakers, E. J., Wetzels, R., Borsboom, D. & van der Maas, H. L. Why psychologists must change the way they analyze their 
data: the case of psi: comment on Bem (2011). J. Pers. Soc. Psychol. 100, 426–432, https://doi.org/10.1037/a0022790 (2011).
 52. Heaton, R. K. A manual for the Wisconsin card sorting test. (Western Psycological Services, 1981).
 53. Racsmány, M., Lukács, Á., Németh, D. & Pléh, C. A verbális munkamemória magyar nyelvű vizsgálóeljárásai (Hungarian Diagnostic 
Tools of Verbal Working Memory Functions). Magyar Pszichológiai Szemle (Hungarian Review of Psychology) 60, 479–506 (2005).
 54. Soldatos, C. R., Dikeos, D. G. & Paparrigopoulos, T. J. The diagnostic validity of the Athens Insomnia Scale. J. Psychosom. Res. 55, 
263–267 (2003).
 55. Gaultney, J. F. The prevalence of sleep disorders in college students: impact on academic performance. J. Am. Coll. Health 59, 91–97 
(2010).
 56. Saksvik, I. B., Bjorvatn, B., Hetland, H., Sandal, G. M. & Pallesen, S. Individual differences in tolerance to shift work–a systematic 
review. Sleep Med. Rev. 15, 221–235 (2011).
 57. Gao, C., Terlizzese, T. & Scullin, M. K. Short sleep and late bedtimes are detrimental to educational learning and knowledge transfer: 
An investigation of individual differences in susceptibility. Chronobiol. Int. 36, 307–318 (2019).
 58. Tanczos, T., Janacsek, K. & Nemeth, D. Verbal fluency tasks I. Investigation of the Hungarian version of the letter fluency task 
between 5 and 89 years of age. Psychiatria Hungarica: A Magyar Pszichiatriai Tarsasag tudomanyos folyoirata 29, 158–180 (2013).
 59. Tanczos, T., Janacsek, K. & Nemeth, D. Verbal fluency tasks II. Investigation of the Hungarian version of the semantic fluency task 
between 5 and 89 years of age. Psychiatria Hungarica: A Magyar Pszichiatriai Tarsasag tudomanyos folyoirata 29, 181–207 (2013).
 60. Craik, F. I. & Bialystok, E. Cognition through the lifespan: mechanisms of change. TRENDS in Cognitive Sciences 10, 131–138 
(2006).
 61. Zelazo, P. D., Craik, F. I. & Booth, L. Executive function across the life span. Acta Psychol. (Amst.) 115, 167–183 (2004).
 62. Janacsek, K., Fiser, J. & Nemeth, D. The best time to acquire new skills: age-related differences in implicit sequence learning across 
the human lifespan. Dev. Sci. 15, 496–505 (2012).
 63. Juhasz, D., Nemeth, D. & Janacsek, K. Is there more room to improve? The lifespan trajectory of procedural learning and its 
relationship to the between-and within-group differences in average response times. PLoS One, https://doi.org/10.1371/journal.
pone.0215116 (2019).
 64. Goel, N., Basner, M., Rao, H. & Dinges, D. F. Circadian rhythms, sleep deprivation, and human performance. Prog. Mol. Biol. Transl. 
Sci. 119, 155–190 (2013).
 65. Rowe, G., Hasher, L. & Turcotte, J. Short article: Age and synchrony effects in visuospatial working memory. Q. J. Exp. Psychol. 62, 
1873–1880 (2009).
 66. Matchock, R. L. & Mordkoff, J. T. Chronotype and time-of-day influences on the alerting, orienting, and executive components of 
attention. Exp. Brain Res. 192, 189–198 (2009).
 67. Delpouve, J., Schmitz, R. & Peigneux, P. Implicit learning is better at subjectively defined non-optimal time of day. Cortex 58, 18–22 
(2014).
 68. Hull, J. T., Wright, K. P. Jr & Czeisler, C. A. The influence of subjective alertness and motivation on human performance independent 
of circadian and homeostatic regulation. J. Biol. Rhythms 18, 329–338 (2003).
 69. Walker, M. P. The Role of Slow Wave Sleep in Memory Processing. J. Clin. Sleep Med. 5, S20–S26 (2009).
 70. Siegel, D. J. Memory: an overview, with emphasis on developmental, interpersonal, and neurobiological aspects. J. Am. Acad. Child 
Adolesc. Psychiatry 40, 997–1011 (2001).
 71. Clemens, Z., Fabo, D. & Halasz, P. Overnight verbal memory retention correlates with the number of sleep spindles. Neuroscience 
132, 529–535 (2005).
 72. Ackermann, S., Hartmann, F., Papassotiropoulos, A., de Quervain, D. J. & Rasch, B. No associations between interindividual 
differences in sleep parameters and episodic memory consolidation. Sleep 38, 951–959 (2015).
Acknowledgements
This research was supported by the Research and Technology Innovation Fund, Hungarian Brain Research 
Program (National Brain Research Program, project 2017-1.2.1-NKP-2017-00002); IDEXLYON Fellowship of 
the University of Lyon as part of the Programme Investissements d’Avenir (ANR-16-IDEX-0005); Hungarian 
Scientific Research Fund (NKFIH-OTKA PD 124148, PI: KJ; NKFIH-OTKA K 128016, to DN); and Janos Bolyai 
Research Fellowship of the Hungarian Academy of Sciences (to KJ). The authors are thankful to Csenge Török, 
Kata Horváth, Eszter Tóth-Fáber, Orsolya Pesthy, Noémi Éltető, Andrea Kóbor, and Ádám Takács for their 
help in data collection, to Kate Schipper for proofreading the manuscript, and to the reviewers for their helpful 
comments and suggestions to improve the paper.
Author contributions
Z.Z., K.J. and D.N. designed the present study and wrote the manuscript. A.G. and Z.Z. collected the data. A.G., 
Z.Z., K.J. and T.N. analyzed the data. Z.Z., K.J., T.N. and D.N. contributed to the interpretation of the results and 
critically revised the previous versions of the manuscript. All authors read and approved the final version of the 
manuscript.
competing interests
The authors declare no competing interests.
1 2Scientific RepoRtS |         (2020) 10:4855  | https://doi.org/10.1038/s41598-020-61627-6
www.nature.com/scientificreportswww.nature.com/scientificreports/
Additional information
Supplementary information is available for this paper at https://doi.org/10.1038/s41598-020-61627-6.
Correspondence and requests for materials should be addressed to D.N. or K.J.
Reprints and permissions information is available at www.nature.com/reprints.
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.
Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2020
